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ABSTRACT

Feature selection and classification are widely used in machine learning in the context of big data.
In many datasets, both attributes and decision classes can be preference ordered. Therefore, to
process the data and information based on preference-ordered attributes, Dominance-based Rough
Set Approach (DRSA) has been proposed. DRSA considers dominance relation between objects
and can process the information with preference-ordered attribute domains. The It should be noted
that the majority of the algorithms based on DRSA use dependency as an underlying criterion
measure for different tasks. However, calculating dependency by using the conventional DRSA
approach requires the calculation of lower and upper approximations which is a computationaly
expensive task. A new approach has been proposed in this paper which calculates the dominance-
based rough set dependency measure without calculating the lower and upper approximations. The
proposed methodology is called the “Incremental Dominance-based Dependency Calculation
Method” (IDDC). To justify the proposed approach, both IDDC and conventional approaches are
compared using various datasets from the UCI dataset repository. Results have shown that the
proposed approach outperforms the conventional approach by depicting on average 46% and 98%
decrease in execution time and required runtime memory, respectively.

Keywords: Dominance-Based rough set approach (DRSA), Incremental Dominance-based
dependency calculation Method (IDDC), Dependency classes, Rough set theory (RST), Lower
Approximations, Upper Approximations, Reducts, Fast Reduct Generating Algorithm (FRGA).

1 Introduction:

In 1982, Pawlak proposed Rough Set Theory (RST) to analyze the incomplete, inconsistent, and
unknown information or data [1,2]. RST has become an important tool to find data reduction, data
dependencies, rule induction, and approximate set classification from databases [3]. Since its
inception, RST has been comprehensively used for knowledge discovery in economy and finance
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[4], medical imaging etc. [5]. However, RST is unable to generate accurate results for preference-
ordered datasets and this makes classical RST unsuitable for preference-ordered data domains.
Some of the applications of preference-ordered data domains are student performance evaluation,
website rating system, etc.

Therefore, to process the data and information based on preference-ordered attributes, Greco et al.
[6] have introduced the Dominance-based Rough Set Approach (DRSA) in contrast with RST,
DRSA considers dominance relation between objects and can process the information with
preference-ordered attribute domains. In DRSA, considering attributes with preference-ordered
domains, the conceptions to be characterized are upward and downward unions of classes rather
than the particular classes. The basic idea behind the dominance-based rough set approach is to
replace the equivalence relation in the Pawlak’s rough set theory with a dominance relation, which
authorizes taking into account the preference order in the value set of the criteria. In recent decades,
due to its ability to process information using preference-ordered domains, DRSA has been widely
used in many real-life applications such as rural sustainable development potentialities evaluation
[7], airline services evaluation [8—10], group decision [11], etc.

The majority of the algorithms based on DRSA use dependency as an underlying criterion measure
for different tasks. However, calculating dependency by using the conventional DRSA approach
requires the calculation of lower and upper approximations which is a computationally expensive
task.

A new approach has been proposed in this paper which calculates the dominance-based rough set
dependency measure without calculating the lower and upper approximations. The proposed
methodology is called the “Incremental Dominance-based Dependency Calculation Method”
(IDDC). To justify its flexibility and effectiveness, the proposed approach is implemented using
the Fast Reduct Generating Algorithm (FRGA). The reason for selecting feature selection is that
it is the common pre-process used to complete various tasks and the majority of DRSA based
feature selection algorithms use dependency measure as criteria to select features. Results have
shown that the proposed approach is more efficient and effective as compared to the conventional
method of dependency calculation without affecting the accuracy of the algorithms.

The proposed methodology has the following advantages as compared to conventional
approximation methods:

 IDDC effectively avoids the calculation of the upper and lower approximations and
therefore it can also be used for large scale datasets.

» IDDC calculates the same dependency value of a dataset as calculated by the conventional
approach.

» Experimental results have shown that as compared to the conventional approach,
calculating dependency using IDDC has reduced the execution time by 46% on average
for selected datasets.

+ IDDC requires almost 98% less runtime memory on average as compared to the
conventional dependency calculation approach.

* The overall performance of the algorithms using IDDC has been increased substantially.

The rest of the paper is organized as follows. Section 2 discusses some of the core fundamental
concepts of DRSA. Section 3 explains the challenges of the conventional method while calculating



dependency. Section 4 presents the related work. The proposed methodology is explained in
Section 5. Datasets and the selected algorithm is discussed in Section 6. Section 7 presents the
experimental results and analysis. Finally, conclusion and future recommendations are discussed
in Section 8.

2 Preliminaries

In RST, a decision system is a combination of a finite set of objects known as Universe (U). Each
object is categorized by a set of special attributes known as conditional attributes (C) and decision
attributes (D). Mathematically it is shown in equation 1.

a = (U,C U D) €Y

In DRSA, decision system is represented as shown in equation 2.

A= UQV1) (2)

Here, U is Universe and Q represents a finite set of criteria i.e. those attributes having an ordinal
scale-based domain. Q = (C U D) which means that both conditional attributes and decision
attribute(s) are included in Q. Whereas, V can be mathematically represented as shown in equation
3.

V=U,eQV, (3

Here, V; is the value set of criteria q. f in equation 2 represents a function of the form f (x, q)
which assigns a particular value V;, to an item x for attribute g. A simple decision system is shown
in Table L.

In our sample decision system, Universe only contains a total of seven objects i.e. U =
{X1,X5, X3 ... ... ,X7}. Here, conditional criteria include {Mathematics, English} and the decision
criterion is {Final-Result}. DRSA is an extended version of conventional RST that can be
considered for knowledge gathering from non-ordinal datasets [12]. From the start of DRSA
appearance many domains have used it for better results such as multi-criteria web mining [13],
fault diagnosis [14], in the manufacturing industry [15], finance projects [16,17], better project
selection [18], and in data mining [19]. We have stated some core preliminaries of DRSA in the
following sub-section to discuss the benefits, limitations, and the need for increased computational
performance in conventional DRSA.



Table I: Decision System

Universe Mathematics English Final-Result

X A B Very Good
X2 A Excellent
X3 B C Good

X4 A B Good

Xs B A Very Good
X6 A B Very Good
X7 C B Good

2.1 Dominance

For a set of criteria P € C, an object x dominates object y if object x is better than y on all the
criterion in P i.e. {Vq € P,x > qy}. It will be said that “‘x dominates y’’ which can be denoted
by Dy (x) and that can be defined mathematically as shown in equation 4. D7 (x) is a set of objects
that are being dominated by x based on the information in P € C.

Dy (x) = {y € U:xDpy} (4)

Similarly, the set of objects which are dominating x are denoted by D;{ (x)and that can be
defined mathematically as shown in equation 5.

Dy (x) = {y € U:yDpx} (5)
For example, if we consider the item X5 in Table I as our origin and P = {Mathematics} then:
Dy (x3) = {X3, X5, %7}

Similarly,
D; (x3) = {X1: X2,X3, X4 X5, Xs}
2.2 Decision classes

In DRSA, decision attributes splits the whole Universe into a finite number of decision classes,
Cl={Cl,Cl,,Cls,...,Cl,}. DRSA are supposed to be preference ordered. So, for r,s =
{1,2,3....,m}, an item from CU, is preferred over the item from Cl; for r > s. Thus in place of
simple approximation, as it is done in conventional RST, the approximations in DRSA are
downward and upward unions based on decision classes. Mathematically these unions are shown
in equations 6 and 7.

CE(x) = Ugar Cly t = 1,...,7. (6)
Cli(x) =Us Cls t=1,...,n. (7



Here, Cl7 (x) represents the set of objects from class Cl; or a more preferred class. However,
CI3 (x) represents the set of objects from class Cl; or to a less preferred class. For example, based
on data from Table I the C1Z(x) and CIZ(x) for t = 2 are following:

Cli(x) = {X1, X2, X5, X6}
Cli(x) = {X1, X3, X4, X5, X6, X7}

2.3 Lower approximations

Lower approximations in traditional RST describe the set of those objects that with certainty
belong to a decision class based on certain conditional attributes. In DRSA, provided that P € C,
P-lower approximation of CIZ(x) contains all those objects which will, with certainty belong to
ClZ(x). Likewise, the P-lower approximation of CIZ(x) will contain all those objects that, with
certainty belong to CI (x). Mathematically it is shown in equations 8 and 9.

P(CI?) = {(x € U:Df (x) € CIZ) ®)
P(CIf) = {x € U: D5 (x) € CIF) )

Calculating P-lower approximation for both class unions ClZ and CI§ includes the following three
steps which are described using data from Table I.

1%t Step: All the objects related to the upward class union CIZ are identified in this step. It is similar
to computing equivalence class structure with the help of decision attributes in traditional RST. In
this example lower approximation P(CIZ) is calculated for t = 2 and class union CIZ for t = 2 is
as follows:

Clt2 = {X1'X2'X51X6}

2nd Step: In this step, we will compute D7 (x) for every item selected in the 1% Step. So, Df (x)
for every item of class union CIZ is as follows:

For X,:D§ (X1) = {X1, X2, X4, X6}
For X5: Dg (X2) = {X2}

For Xs5:Dg (Xs) = {X2, Xs}

For Xe:Dp (Xe) = {X1, X2, X4, X6}

We have to calculate Df (x) for each item of class unions. This step is computationally very
expensive especially for huge size datasets because to calculate DF (x) we have to iterate the whole
dataset multiple times and these multiple iterations use lots of computational resources.

3rd Step: We calculate lower approximation using the formula aforementioned in equations 8.
Those sets identified in 2" step which are subsets of the set identified in 1% step become part of
the lower approximation. We can say with certainty about these objects which are selected using



the formula in equation 8 that they are part of the class union CIZ for t = 2. The calculated P(CI7)
is as follows:

B(Cl?) = {X3, X5}

Similarly, to calculate the lower approximations for downward class unions CIF, all the
aforementioned three steps are performed but in 2™ step D5 (x) is calculated instead of D; (x) and
in 3" step formula from equation 9 is used to calculate lower approximation.

2.4 Upper approximations

In the classical RST approach, the upper approximations describe those sets of objects that
probably relate to concept X. Whereas in DRSA, for P € C the P-upper approximations of CI7 (x)
describe the set of those objects that may relate to the class unions Cl7 (x). Likewise, the P-upper
approximations of CIZ(x) describe the set of those objects that may relate to the class unions
CI3 (x). Mathematically this is shown in equations 10 and 11.

P(CI?) = {x € U: D; (x) N CIZ # @} (10)

P(CIE) ={x €U:DF (x) N CIF # @} (11)

Similar to lower approximation, the Computation of the upper approximation involves three
crucial steps and these steps are computationally very expensive. Executing these three steps using
the conventional approach results in grave performance holdups for feature selection algorithms.

Using Table I, we will compute the p-upper approximation P(ClZ) for t = 2.

1%t Step: For Computing P-upper approximation, the 1% step is to identify all the objects relating
to the class union CIZ. Objects of class union CIZ for t = 2 are :

Clt2 = {X1'X2'X51X6}

2"d Step: In this step, Dp (x) is calculated for each item of the set identified in the 1% step. Dp (x)
of all the objects of the identified set are:

For X1: Dp (x1) = {X1, X3, X4, X6, X7}

For X3: Dp (x3) = {Xq, X2, X3, X4, X5, X6, X7}
For Xs:Dp (x5) = {X3, X5, X7}

For Xe:Dp (x6) = {X1,X3,X4, X6, X7}

This step considerably reduces the performance and efficiency because for every object we have
to find all those objects dominating it. This searching process needs a whole traversal of the dataset
for every individual object. As there are four objects in class union CI7 identified in the 1% step.
So, the specified dataset is traversed four times to calculate Dp (x) for every item of the class union
Clz.

3rd Step: Lastly, we identify those objects relating to the P-upper approximation using equation
10 and this involves selecting those objects whose Dp (x) (identified in 2™ Step) have a non-empty
intersection with the set identified in the 1% Step.



In our example, all of the calculated Dy (x) have a non-empty intersection with set identified in 1%
step. So, P (Clf) for t = 2 is as follows:

P(CIZ) = {X1, X2, X5, X6}

Similarly, to calculate the upper approximations for downward class unions CIZ, these
aforementioned three steps are performed but in 2™ step D (x) is calculated instead of D5 (x) and
in 3" step formula from equation 11 is used to calculate upper approximation.

All of those algorithms which are based on conventional DRSA use these upper and lower
approximation calculations and due to this their overall performance decreases. Therefore,
Algorithms based on conventional DRSA are not feasible to be used for huge size datasets.

2.5 Dependency / Quality of Sorting

Dependency specifies the relation between the P-correctly stored objects and all of the objects of
the Universe. P-correctly stored objects in the datasets are those object of the dataset which does
not fall in any boundary region (doubtful region). The dependency of the dataset is a ratio between
the P-correctly stored objects and all of the objects of the Universe. This can be mathematically
represented as shown in equation 12 [20].

| Universe—((uteTBnp (Cl?))u(uteTBnp (le)) | (12)

|Universe|

Dependency (yC(Cl)) =

Here, Bnp(ClF) represents the boundary region of the upward class union which we can be
calculated by finding the difference of the upper approximation (P(C1Z)) and lower approximation
(P (Cl%)) of the upward class union. Bnp(CIlF) represents the boundary region of the downward
class union which we can be calculated by finding the difference of the upper approximation
(P(CI¥)) and lower approximation (P(Cl%)) of the downward class union. With the help of
upper and lower approximation of class unions we can calculate the P-boundaries (P-doubtful
regions) of these class unions. The formulas to calculate P-boundary regions of upward and
downward class unions are mentioned in equations 13 and 14, respectively.

Bnp(Clg) = P(CIZ) — P (Cl3) (13)
Bnp(CIF) = P(CIF) — P (CI§) (19

It can also be said that dependency is the ratio of objects that are not in any doubtful region and
all the objects of the Universe. This set of objects that are not in any doubtful region is called
“AlphaSet” [20]. In the conventional approach, this AlphaSet is identified by subtracting the union
of all the boundary region objects from the Universe as shown in equation 12. In the conventional
methodology you have to find all those key components like classes, Class Unions, upper and
lower approximations and then boundary regions to calculate the dependency of datasets which is
very complex and computationally too expensive for large size datasets.



To avoid these expensive computations, in the proposed methodology objects from the Universe
are taken one-by-one then they are incrementally compared with all the other objects of the
Universe. This comparison is carried out using proposed dominance-based dependency classes.
As a result of this comparison, AlphaSet is obtained. This AlphaSet helps us to calculate the
dependency of datasets without calculating complex approximations. Finally, the dependency of a
dataset is calculated by dividing the cardinality of the AlphaSet with the cardinality of the Universe.
The formula of dependency calculation is shown in equation 15.

Dependency (yC(Cl)) = lAlphaSet| (15)

|Universe|

3 Challenges in Approximation Calculation

As we have discussed earlier that calculating dependency using the conventional approach requires
a three-step process of calculating lower and upper approximations. This process makes it
computationally an expensive task and significantly affects the performance of the algorithms. The
challenges faced while performing this three-step process are discussed in this section.

The first step for calculating approximations requires the calculation of class unions which are
represented as CI7 and CIZ. While calculating these class unions, we have to traverse through the
complete Universe. This could be a time-taking process and may require lots of computing
resources for larger datasets. For our example dataset, we only have to repeat this step seven times
but this can easily reach thousands of times with larger Universe size. The pseudocode of step 1
is shown in figure 1.

Fori=1to |U]|
if Cl; = Cl,

CIZ = ClZucl
End — if

End — For

Figure 1: Pseudocode for calculating lower approximation (1*' Step).

The following are the class unions for our example dataset.

Cl5(x) = {X5,X,,X;} fort =1

CI5(x) = {Xy, X3, Xo, Xs, Xo, X} fort =2
Cl5(x) = {Xy,X5, X5, X} fort=2
Cl5(x) ={X;}fort=2

In the 2" Step of this conventional method of approximations calculation, we have to calculate
Dg (x) and Dy (x) for all the objects of the calculated class unions. This step requires a nested loop
for its implementation outer loop will execute from 1 to the cardinality of the class union to
incrementally get the objects from the set of the class union. The inner loop will execute from 1 to
cardinality of the universe (|U|) to compare the selected item from the outer loop with all the



objects of the Universe. This step is repeated for all the objects of all the class unions identified in
the 1% Step. For example, in our case inner loop for CI5(x) will run 3 * 7 = 21 times. Here, 3 is
the cardinality of the set Cl5(x) and 7 is the cardinality of the Universe. The repetitions of the
loop in the 2" step can easily reach hundreds of thousands when datasets are huge in size. So, 2"
Step is much more complex and needs more time for computation than the 1% step. The pseudocode
for calculating Df (x) and Dp (x) is shown in figure 2.

//For Dominance Positive
Fori=1to |CIZ/CI|
For j=1 to |U|
If X; > X;;
Dj(X;) = Dp(Xy) U X;
End — If
End — For
End — For

//For Dominance Negative
Fori=1to |CIZ/CI|

For j=1 to |U]|
If X; < X;;
Dp(X;) = Dp(X;) U X;
End — If
End — For
End — For

Figure 2: Pseudocode of calculating lower approximation 2™ Step).

Finally in the 3™ Step, P(CI?) and P(CI?) are to be calculated which are the lower approximation
and upper approximation of class unions and these are calculated for all the class unions. To
perform this step, a triple nested loop is required. The outermost loop will execute from 1 to the
cardinality of the class union. The middle loop will execute from 1 to the cardinality of Dg (x) or
Dy (x). These two loops are used to traverse a two-dimensional array of D7 (x) or Dp (x). These
triple nested loops are computationally very expensive. The pseudocode of step 3 is shown in
figure 3.
Fori = 1to |CI;|
Forj = 1to |D}(X))|
For k = 1 to |CI}|
Calculate D} (X;;) < CI},
End — For
End — For
End — For
Figure 3: Pseudocode of Step-3 for calculating lower approximation (3" Step)

Therefore, the conventional approach for calculating dependency poses grave challenges to the
performance of the algorithms when it comes to larger datasets. To overcome all of the above-
described performance bottlenecks of the conventional approach, we have proposed a solution that
reduces the computational complexity of dependency calculation by avoiding the approximation
approach. This proposed method greatly reduces the computational complexity and resource
utilization for dependency calculation which ultimately enhances the performance of the
algorithms.



4 Related work

Rough Set Theory (RST) is proposed to analyze the incomplete, inconsistent, and unknown
information or data [1,2]. However, RST is unable to generate accurate results for preference-
ordered datasets and this makes classical RST unsuitable for preference-ordered data domains.
Therefore, to process the data and information based on preference-ordered attributes, Greco et al.
[6] have introduced the Dominance-based Rough Set Approach (DRSA) in contrast with RST. As
the main benefit of DRSA is to process information for preference ordered domains, thus it has
been widely used for multi-criteria analysis [22]. For calculating the upper and lower
approximations in DRSA, different ways have been adopted. One of them is the conventional
method which has the highest computational cost whereas other methods are incremental and
parallel processing methods.

In [23], the paper introduces redefined preliminaries for the dominance-based rough set approach,
offering potential improvements in terms of efficiency and effectiveness. In [24], authors have
presented a classification technique based on DRSA for the management of spare parts. The
authors tested the proposed approach by using real-world data and the accuracy was found to be
96%. However, the proposed approach uses a conventional DRSA which results in highly
expensive computations.

In [25], DRSA has been used by the authors to forecast the strength of schoolchildren that will
probably fail the Massive Open Online Course (MOOC) class coming week by using the data of
the preceding week. The proposed technique is based on traditional DRSA. Thus, it inherits all the
bottlenecks of the conventional approach and as a result, it considerably decreases the performance
of the algorithm. In [26], authors have presented DRSA based technique for forecasting customer’s
behavior in airline companies. This approach was also based on traditional DRSA and uses upper
and lower approximations which can result in the inherent performance drawbacks.

In [27], authors have presented a novel method for discovering the reducts in DRSA. They have
inspected the attribute reduction in DRSA accompanied by defining class-based reducts and their
relation with earlier reducts. Moreover, they have demonstrated that all types of reducts can be
computed broadly depending on two discernibility matrices related to generalized decisions.

In [28], the authors have proposed a parallel algorithm for approximations of DRSA and compared
them on three different MapReduce runtime systems i.e. Twister, Phoenix, and Hadoop. Execution
time and speed parameters are used to compare the approaches. In [29], the authors have
introduced three different matrixes based on parallel methods for the DRSA approximations. This
approach tackles large incomplete datasets with missing values. Twister MapReduce has been used
to apply this approach. These both approaches need high hardware capabilities which render this
non ideal situation for dependency calculation.

In [30], the authors propose several novel algorithms and methodologies to handle the challenges
posed by the evolving nature of data. They provide a comprehensive analysis of the proposed
approaches, including experimental results and comparisons with existing methods. But the paper
focuses on a specific type of data, namely evolving ordered data. It does not address the
applicability of the proposed approaches to other types of data or domains. In [31], The authors
propose novel fuzzy rough set models that incorporate fuzzy dominance relations and fuzzy



lower/upper approximations. They provide a detailed analysis of the proposed models, including
mathematical formulations and algorithms. This approach is computationally complex and lack
real world examples. In [32], the authors introduce an innovative framework that combines ERM
with dominance-based rough set approaches, providing valuable insights into improving decision-
making processes. However, there are limitations related to practical implementation and
scalability of the proposed approach. Whereas, some authors have also combined incremental and
parallel approaches to mitigate the bottlenecks of conventional DRSA [33].

A brief review of different research papers along with their comparison is provided in this section.
Table II shows a comparative summary of the approaches.

Table II: Comparisons of techniques used in different papers

acquisition using rough set
theory on different
MapReduce runtime
systems” [28]

Algorithms Technique used Advantages Disadvantages
“Spare parts classification in | Dominance-based rough e  High accuracy Uses conventional
industrial manufacturing set dependency approach to calculate
using the dominance-based upper and lower
rough set approach” [24] approximations
High complexity
“Weekly predicting the At- Dominance-based rough e High prediction Conventional
Risk MOOC learners set theory accuracy approach to calculate
using Dominance-Based approximations
rough set approach” [25] Poor performance
“A dominance-based rough | Dominance-based rough e High prediction Uses conventional
set approach to customer set theory of loyal approach to calculate
behavior in the airline customers dependency
market” [26] Technique limited to
small datasets
“A unified approach to Dominance-based rough e New sets of Uses conventional
reducts in dominance-based set theory for finding reducts produced approach to calculate
rough set approach” [27] reducts dependency
“A comparison of parallel Parallel based Rough set e High efficiency Increased hardware
large-scale knowledge theory approach requirements

“A Parallel Matrix-Based
Method for Computing
Approximations in
Incomplete Information
Systems” [29]

Parallel based Rough set
theory approach

Fast processing
time

Increased hardware
requirements

“Improved dominance Dominance-based rough e High Uses conventional
rough set-based set dependency classification approach to calculate
classification system” [34] accuracy dependency

Poor performance




“Variable Consistency Variable Consistency e Easyto e  Uses conventional
Dominance-based Rough Dominance-based Rough understand rules approach to calculate
Set Approach to formulate Set Approach dependency
airline service strategies”
[35]
“Dynamic dominance rough | Incremental Dominance- e  Fast processing e High computational
set approach for processing based Rough Set time complexity
composite ordered data” Approach
[36]

5 Proposed methodology:

In our proposed solution, to make the reduct generation process more efficient we have replaced
the approximation calculation part with a heuristic-based method. The proposed method is called
the “Incremental Dominance-Based Dependency Calculation (IDDC)”. The proposed method
reduces the computational complexity and resource utilization to calculate the dependency of a
dataset. IDDC is a combination of two phases. The first phase of the IDDC is to calculate the
dominance table also known as a dominance matrix which provides us information regarding the
dominance relation between all objects of the Universe. This two-dimensional matrix stores the
comparison results of all the objects of the Universe with four possible relations. Four possible
relations between two objects {a,b € U} can hold as follows:

1.  First relation which shows that a is dominant over b. In the dominance matrix, it is

represented by the symbol “>”.

ii.  The second relation shows that a is dominated by b. In the dominance matrix, it is
represented by the symbol “<”.

iii.  The third relation shows that @ and b are identical and have the same values for all the
conditional attributes in the dominance matrix. In dominance matrix, it is represented by
the symbol “=".

iv.  The fourth relation shows that both of the objects are indiscernible which means that the
value of a is greater than or equal to b for certain features and less than and equal to b for
remaining features. In the dominance matrix, it is represented by the symbol “#”.

After the calculation of the dominance matrix, the second phase of IDDC is to find the dependency
of a dataset by comparing all the objects of the Universe based on proposed dominance-based
dependency classes. This second phase is the main difference between both proposed and
conventional methods of calculating the dependency of the dataset. In the proposed approach, we
will avoid calculating approximations and boundary regions to calculate the dependency of the
dataset. In this phase of the proposed approach, the following steps are taken to calculate the
dependency of the dataset:

e Two arrays of variable length by the name of AlphaSet (it provides a set of objects to
calculate dependency of the dataset) and Checked Objects (it is used to avoid the
comparison repetitions by storing those objects which have already been compared) are
created.

e Objects from Universe are taken one-by-one and compared with all the objects in the
Checked Objects array and during comparison their dominance relation and the decision
classes are compared.



e The dominance relation based on conditional attributes is compared using a dominance
matrix.

e Objects are added or removed from the AlphaSet based on their comparison but every
object taken from the Universe is added into the Checked Objects array to avoid repetitive
comparisons of objects.

e Proposed dominance-based dependency classes are used to determine the result of every
comparison of the objects.

e When all the objects from the Universe are traversed than the cardinality of A/phaSet is
divided by the cardinality of the Universe to get the dependency also known as the quality
of sorting of the dataset. The formula to calculate the dependency is aforementioned in
equation 15.

Each minimal subset of attribute set P € C will be called Reduct of Clif yP(Cl) = yC(Cl) which
means that reduct is considered valid if the dependency of the reduct is equal to or better than the
dependency of the complete dataset. We can have multiple reducts and their intersection is called
Core and it is comprised of Core attributes.

5.1 Proposed Dominance-Based Dependency Classes

We have defined dominance-based dependency classes that determine the outcome of a
comparison of objects. They explain how dependency of dataset changes during traversal of the
dataset. It starts from the first object to calculate the dependency of the dataset and as it traverses
to next object the dependency of the dataset is updated. This incremental method avoids the
complex dependency calculation method of the conventional approach. Table I is considered as an
example dataset to demonstrate the working of each dominance-based dependency class.

° Initial value class

This class only checks that if the selected object i € U is the first object of the Universe. If it is
true, then this object will be selected and added in both AlphaSet as well as Checked Objects. This
class determines that if the selected object is the first object of the Universe. Therefore, it is called
“Initial Value Class”. Dependency value for this class will be updated as follows:

|AlphaSet|' + 1 (16)

c(ch =
veeen |Checked_Objects|' + 1

Here, |Checked_Objects|’ represents the previous cardinality of Checked Objects without adding
the newly traversed object. Similarly, |AlphaSet|’ represents the previous cardinality of AlphaSet
without adding the current object.

Initially |AlphaSet|’ = 0 and |Checked_Objects|' = 0 because we are traversing the first object
of the dataset. In our case when we picked our first object which is X; from Table I, then the
dependency of dataset became:

|AlphaSet|" + 1 _0+1 (17)
|Checked_Objects|" +1 0+1

yC(Cl) =

After adding the first object, |AlphaSet|’ = 1 and |Checked_Objects|’ = 1.



° True Positive class

This class shows the consistency in the dataset and this class has two sides, one is an object having
a higher decision class with a dominant relation and the other is an object having a lower decision
class with a dominated relation. Dominance relation and decision classes of these objects are used
to determine which object is better. Mathematically, for two objects a, b and attribute set ¢ € C
first side of this class can be written as shown in equation 18.

(C(a) > C(b) AND D(a) = D(b)) (18)

This class is called “True Positive Class” because a has dominant relation with b and also has a
higher decision class than b. This does not cause any inconsistency in the dataset.

Similarly, if an object a is dominated by object b with lower decision class then mathematically
the other side of this class can be written as shown in equation 19.

(c(@) < c(b) AND D(a) < D(b)) (19)

Dependency value for this class will be updated as follows:

|AlphaSet|" + 1 (20)

c(ch =
veeen |Checked_Objects|' + 1

In our example Table I, X, is dominant over X; with a higher decision and is not causing any
inconsistency in the dataset. So, X, will be added to A/phaSet and dependency will become:
|AlphaSet|" + 1 1+1 (21)

veeen |Checked_Objects|" +1 1+1

Similarly, as we traverse to the 3™ object in Table I and compare the X3 with X; This comparison
represents the other side of the class. Where X5 is dominated by X; and also has a lower decision
class than X;. This does not cause any inconsistency in the dataset. So, X5 is added into AlphaSet
and dependency of dataset becomes:

|AlphaSet|' +1 241 (22)
|Checked_Objects|' +1 2+1

yC(Cl) =

° Distinct Decision Class

This class defines one of the inconsistencies we face in the dominance-based datasets where values
of conditional attributes for two objects are similar yet they have different decision classes.
Therefore, this class is called “Distinct Decision Class”’. Mathematically, For two objects a, b and
attribute set ¢ € C this class can be written as shown in equation 23.

(c(a) ==c(b)& D(a) # D(b)) (23)

Because of this inconsistency b will not be added into the A/phaSet and we will also remove all
those objects from AlphaSet which cause this inconsistency when compared to b. Dependency
value for this class will be updated as follows:



|AlphaSet|" — N (24)

c(ch =
veen |Checked_Objects|" + 1

Here, N represents the number of objects in AlphaSet that cause this inconsistency when compared
with this newly traversed object.

For example, as we traverse through Table 1 and compare X, with X;. This comparison shows that
both objects have the same attribute values but different decision class. Therefore, both of these
objects will be excluded from AlphaSet. While comparing X, with the objects of Checked Objects,
this inconsistency appeared only once when X, is compared to X;. As only one member of
AlphaSet has caused this inconsistency while comparing with X, so, we put N = 1. Therefore, the
dependency of the dataset becomes:

|AlphaSet|" — N 3—-1 (25)
cch = = = 0.5
veen |Checked_Objects|'+1 3+1
o Indiscernible class

This class explains the indiscernible relation between the objects of the datasets where one object
has preferred values for some conditional attributes but worse values for others so, it does not
matter what their decision classes are because both of them will be added into the AlphaSet.
Therefore, this class is called “Indiscernible Class”. Mathematically, For two objects a, b and
attribute set {cq, c; € C|(cq N ¢z) # @} this class can be written as shown in equation 26.

((c1(a) = (c1(b) AND (cz(a) < (c2(b)) (26)

This shows that object a is dominant over b for criteria cqbut at the same time, a is being
dominated by b for criteria c¢,. Therefore, both objects will be kept in AlphaSet and the dependency
of the dataset will be updated as follows:

|AlphaSet|" + 1 (27)

c(ch =
veen |Checked_Objects|' + 1

In Table I, when we traversed to object Xs and compare it with X; it results in an indiscernible
relation. As this does not cause any inconsistency in the dataset so, X5 is added into A/phaSet and
dependency of dataset becomes:

|AlphaSet|” + 1 2+1 (28)
c(ch = = =0.6
veeen |Checked_Objects|" +1 4 +1
° Identical class

This class defines the relationship between two identical objects with an identical decision.
Therefore, this class is called “Identical Class”. This shows the consistency in the dataset.
Mathematically, For two objects a, b and attribute set ¢ € C this class can be written as shown in
equation 29.

(c(a) == c(b)& D(a) == D (b)) (29)



Ideally, the newly traversed object b should be added into A/phaSet but if object a has already
been a part of any inconsistency then the object b will not be added into AlphaSet. I1deally,
dependency for this class will be updated as follows:

|AlphaSet|” + 1 (30)
|Checked_Objects|’ + 1

yC(Cl) =

In Table I, when Xg is compared to X; it shows that both objects have identical attributes values
with an identical decision class. This represents the consistency in the dataset. Ideally, Xy should
be added into AlphaSet but X is not added into the AlphaSet because X; has already been a part
of an inconsistency. Therefore, the dependency of the dataset becomes:

|AlphaSet|’ 3 (31)

veen = |Checked_Objects|’ + 1 “5+1 0.5

° False Positive Class

This class also has two sides, one is an object having a lower decision class with a dominant
relation and the other is an object having a higher decision with dominated relation. Therefore, it
is called “False Positive Class”’. Mathematically, For two objects a, b and attribute set ¢ € C first
side of this class can be written as shown in equation 32.

(c(a) > c(b) AND D(a) < D(b)) (32)

Here, a has a dominant relation over b with a lower decision class. This causes inconsistency in
the dataset.

Mathematically, For two objects a, b and attribute set ¢ € C second side of this class can be written
as shown in equation 33.

(c(a) < c(b) AND D(a) > D(b)) (33)

This states that a is dominated by b with a higher decision class. This also causes inconsistency
in the dataset. Therefore, the dependency of the dataset decreases due to these inconsistencies. The
dependency in both scenarios will be updated as follows:

|AlphaSet|" — N (34)
|Checked_Objects|' + 1

yC(Cl) =

Here, N represents the number of objects in AlphaSet that causes the same inconsistency when
compared with the newly traversed object. Such as if two objects of AlphaSet are causing this
inconsistency when compared with the newly traversed object then N will be put N = 2.

The pseudocode of the proposed methodology is shown in figure 4.



//[For Extracting AlphaSet to calculate dependency of the dataset. Checked_Objects and AlphaSet are
two arrays denoted by M and N respectively.
Inputs: Universe and Dominance Matrix
Output: Dependency of Dataset
Step 1: Find AlphaSet
Fori=0to |U|
Inconsistency = False
x =0to |U]|
Pick an object from Universe on every iteration let’s name it {x € U}.
If(i==0)
M «x
N < x
Else
Forj=0to|M |
Pick an object from Checked Objects iteratively and let’s name it {y € M}.
If (a and b are indiscernible)
If (Inconsistancy == Flase)
M «x
N «x
End - If
Else —If(Cx > Cy && D, = Dy) ||(Cx < Cy && D, < D)
If (Inconsistancy == Flase)
M «x
N «x
End — If
Else —If(Cy, == C, && D, == D))
If (Inconsistancy == Flase)
M «x
N «x
End — If
Else — If(Cx == C, && D, # D))
M — {x}
N «x
Inconsistency = True
Else —If(Cy > Cy && Dy < Dy) || (Cx < Cy && D, > D))
M — {x}
N «x
Inconsistency = True
End - If
End — For




End - If
End — For
Step 2: Find Dependency
|M]|
Dependency = —
p y U]

Figure 4: Pseudocode of the proposed methodology

5.2 Analytical Proof of Proposed Methodology

To show the proof of the proposed methodology in the mathematical sense an analytical proof is
presented in this section. We calculate the dependency of the dataset using the equation 12 which
is as follows:

U = ((Ueer Bnp(CI)) U (Ueer Bnp(CIE)) |

c(Clh =
e |Universe|

Let AlphaSet a = U — ((UteT Bnp(ClZ)) U (Uger BnP(le))

Bnp(ClZ) = P(CIZ) — P(CI1Z) > {Vx € U|x € P(CIZ) Ax ¢ P(CI})} - {vx € U|x
€ P'(CIZ) where P'(C1Z) S P(CIZ) and x € P'(CIZ) - x & P(CI?)

Bnp(Cl5) = P(CIE) — P(CIE) - {Vx € U|x € P(CI¥) Ax & P(CI5)} - {vx € U|x
€ P'(CI) where P'(CIF) € P(CIF) and x € P'(CIY) - x & P(CIY)

So:

a = U — ((Ueer Bnp(CIE)) U Uper Bnp(CLE)) = a = U —{P'(CF) UP'(CIE)} - a
= {P(CI®) v P(CID)}

Now:

P(CIZ) > DE(x)SClZ>Vy,x€U|ly 2p x Ay =p X (Implication-1)
Similarly:

P(ClE) > Dp(x) € Clf > Vk,x€Ulk<pxANk<px (Implication-2)

Thus for an object x € a, it should fulfill any of the implications-1 and 2. If an object does not
fulfill both of these implications, it will not be part of .

Now we will explain that how the proposed classes result in objects that fulfill the implications
mentioned above.



e Initial Value class specifies an object that is the first object in dataset which means that it
fulfills both of the implications and thus must be part of a.

e Now considering the True Positive Class represented by equations 18 and 19. The equation
18, fulfill the implication-1, whereas the equation 22, fulfills the implication-2. Thus all
the objects fulfilling these conditions will be part of .

e Distinct decision class represented by equation 23 specifies the condition where an object
fulfills the first part (i.e. y= P x or k<x_P) of the implication-1 or 2 but does not fulfill the
second part (i.e. y= D x or k_ D x). All such objects should not be part of the o and if
adding a new object causes this condition, all the objects having same values of conditional
attributes must be removed from a as shown by equation 23.

e Indiscernible class represented by equation 26, also does not result into any inconsistency
so it will be part of the a.

e The identical class, represented by equation 29 specifies the objects that can fulfill both
implication-1 and 2 at the same time, so all the objects belonging to this class will be part
of the a.

¢ Finally, the False Positive class as shown by equations 32 and 33 specifies the objects that
violate both the implications, so all such objects belonging to this class will not be part of
the a.

Above description clearly explains that the proposed dependency classes specify only those objects
that fulfill the implications-1 and 2. Thus the a produced by proposed dependency classes will
contain the same objects as given by the conventional method. This is the reason that proposed
classes result in the same classification accuracy as that of the conventional method.

5.3 Case Study

The proposed approach is illustrated using a case study. For this purpose, Table I is used as a
dataset. There are seven objects and two conditional attributes in Table I. The proposed method
has two phases, the first phase is to generate the dominance relation matrix and the second phase
is to compare all the objects using proposed dominance-based dependency classes. Following is
the descriptions of both of these phases:

Phase 1: As there were seven objects in Table I, so the relation matrix of order 7 X 7 was generated
as shown in Table III. The relation between objects is illustrated using mathematical symbols.
Every row depicts the relation of an individual object with all the objects of the dataset. Like, the
first row shows the dominance relation of X; with all the objects of the dataset. In Table III, equal
to sign (=) represents the identical relation, not equal to (#) sign represents indiscernible relation,
greater than equal to (=) sign represents that object is dominating the other object and less than
equal to (<) sign represents that object is being dominated by another object.



Table I11: Dominance Relation Matrix of Table I

X X, X, X, Xs Xq X,
X, = < > = # = >
X, > = > > > > >
X, < < = < < < #
X, = < > = # = >
Xs # < > # = # >
Xq = < > = # = >
X, < < # < < < =

Phase 2: After the dominance relation matrix was generated, the second phase of the proposed
methodology was performed. In 2" phase, two arrays of variable size named AlphaSet (it provides
a set of objects to calculate dependency) and Checked Objects (avoids comparison repetitions by
storing those objects which have already been compared) were created. Then using a double nested
loop, a comparison of objects was carried out. The outer loop was used to select the objects
iteratively from the Universe and the inner loop was used to select the objects from
Checked Objects array. After that both of these selected objects were compared. This comparison
was performed based on the proposed dominance-based dependency classes.

Here, results are shown after each iteration of the outer loop which was executed seven times
because our dataset has seven objects. Whereas, inner loop ran according to the size of the
Checked Objects array which was incremented by one after every iteration of the outer loop.

° 1%t Iteration

Based on “Initial value class” X, was selected as X; was the first object and at that time, there
were no objects in Checked Objects array to compare with. So, X; was added in both arrays.
Members of AlphaSet and Checked Objects arrays after the 1% iteration were as follows:

Checked Objects = {X;}
AlphaSet = {X;}

X1
Objects in Checked Objects

X1
Objects in AlphaSet

The updated dependency of the dataset after the 1% iteration was as follows:

|AlphaSet|" + 1 _0+1 (35)

veeen = |Checked_Objects|" +1 0+1

Initially, |AlphaSet|' = 0 and |Checked_Objects|' = 0 because we were traversing the first
object of the dataset.



o 2" Jteration

In this iteration, X, was taken from the Universe and at that time Checked Objects was not empty.
So, we compared X, with X; and based on “True positive class” X, was selected and added into
both arrays because it did not cause any inconsistency in the dataset. Members of A/phaSet and
Checked Objects arrays after the 2" iteration were as follows:

Checked Objects = {X1, X5}
AlphaS@t = {Xl,Xz}

X1 | X
Objects in Checked Objects

X1 | X
Objects in AlphaSet

The updated dependency of the dataset after the 2" iteration was as follows:

|AlphaSet|" + 1 _1+1 (36)

veeen = |Checked_Objects|' +1 1+1 =1

o 3rd [teration

In this iteration, X5 was selected and compared with X; and X, based on proposed dependency
classes. While comparing X5 did not cause any inconsistency. So, as a result X3 was added in both
arrays. Members of AlphaSet and Checked Objects arrays after the 3™ iteration were as follows:

Checked Objects = {X1, X2, X3}
AlphaS@t = {Xl,Xz,X3}

X1 | Xo | X3
Objects in Checked Objects

X1 | Xo | X3
Objects in AlphaSet

The updated dependency of the dataset after the 3™ iteration was as follows:

|AlphaSet|' + 1 _2+1 (37)
|Checked_Objects|' +1 2+1

yC(Cl) =

o 4t Tteration

In this iteration, X, was selected and compared with all the objects in Checked Objects array.
Comparison between X; and X, showed that their decision class was not the same but they had
dominance relation of being identical. So, based on “Distinct Decision Class” both the objects
were excluded from AlphaSet because they were causing inconsistency in the dataset. Members of
AlphaSet and Checked Objects arrays after the 3™ iteration were as follows:



Checked Objects = {X1, X2, X3, X4}
AlphaS@t = {Xz,Xg}

X1 1 X | X3 1 X,
Objects in Checked Objects

X2 | X3 | |
Objects in AlphaSet

The updated dependency of the dataset after the 4 iteration was as follows:

|AlphaSet|" — N _3-1
|Checked_Objects|' +1 3 +1

(38)

yc(cl) = 0.5

X1 was the only object that had caused inconsistency when compared with X ,. So, X; was removed
from AlphaSet and we put N = 1.

o 5th Jteration

In this iteration, no inconsistencies were found during the comparison of X5 with all the objects in
Checked Objects array. So, Xs was added into both arrays. Members of AlphaSet and
Checked Objects arrays after the 5™ iteration were as follows:

Checked Objects = {X1, X2, X3, X4, X5}
AlphaS@t: {Xz,Xg,Xs}

X1 | Xy | X3 | Xy | X5
Objects in Checked Objects

X; | X3 | Xs
Objects in AlphaSet

The updated dependency of the dataset after the 5 iteration was as follows:

|AlphaSet|" + 1 _2+1 (39)

c(ch = = = 0.6
veeen |Checked_Objects|" +1 4 +1

o 6 Iteration

In this iteration, X was selected and compared with all the members of Checked Objects array.
Comparison between Xy and X, showed that their decision class was not the same but they had
dominance relation of being identical. So, based on “Distinct Decision Class” both the objects
were excluded from AlphaSet because they were causing inconsistency in the dataset. Members of
AlphaSet and Checked Objects arrays after the 6™ iteration were as follows:

Checked Objects = {X1, X5, X3, X4, X5, X6}
AlphaS@t: {Xz,Xg,Xs}



Xi 1 Xo | X3 0 Xy | X5 | Xe
Objects in Checked Objects

X; | X3 | Xs
Objects in AlphaSet

The updated dependency of the dataset after the 6" iteration was as follows:

|AlphaSet|'— N 3-0 _
U’ +1 541

(40)

yc(ch) = 0.5

X, was the only object that had caused inconsistency when compared with Xg. As X, was already
removed from AlphaSet so, we put N = 0.

o 7t Iteration

In this iteration, no inconsistency was found during the comparison of X, with all the members of
Checked Objects array. So, X; was added in both of the arrays. Members of AlphaSet and
Checked Objects arrays after the 7" iteration were as follows:

Checked Objects = {X1, X5, X3, X4, X5, X, X7}
AlphaSet = {X;, X3, X5, X7}

X1 1 Xo | X3 | Xy | X5 | Xe | X7
Objects in Checked Objects

X; | X3 | X5 | Xy
Objects in AlphaSet

The updated dependency of the dataset after the 7 iteration was as follows:

|AlphaSet|" + 1 _3+1
|Checked_Objects|' +1 6+1

(41)

yc(cl) = 0.57

After complete traversal of the dataset, the cardinality of the Checked Objects becomes similar to
the cardinality of the Universe. Dependency after the final iteration of the dataset depicts the
overall dependency of the dataset. Members of AlphaSet after the final iteration are vital for
generating the reducts of the dataset. The objects in A/phaSet are not part of any doubtful region.
Therefore, every reduct must keep them outside of all the doubtful regions. The overall dependency
of the dataset was calculated as follows:

|AlphaSet| 4
|Universe| 7

yCceh = =0.57 (42)

The dependency of the dataset calculated by both of the approaches was the same. This depicts
that the proposed approach has calculated accurate dependency as a conventional method must
have calculated.



6 Datasets

To provide a better comparison between proposed and conventional approaches, ten different
datasets were selected from the UCI dataset repository [37]. The details of these datasets are
provided in Table IV.

Table I1V: Dataset information

S. NO. Dataset Number of Instances Number of Type of Dataset’s
Attributes Attributes

1 Iris 150 4 Real

2 Abalone 4177 8 Integer, Real
3 Breast cancer Wisconsin 699 10 Integer

4 Wine Quality 4898 12 Real

5 Electrical Grid Stability data 10000 14 Real

6 EEG Eye State 10200 15 Integer, Real
7 Pen-Based Handwritten Digit 10992 16 Integer

8 Hepatitis C Virus 1385 29 Integer, Real
9 Musk 2 6598 168 Integer

10 ISOLET 7797 617 Real

Our proposed methodology can be successfully implemented using any feature selection algorithm
as a replacement of conventional dependency measures. This shows the flexibility and
effectiveness of the proposed methodology. To prove our point, Fast Reduct Generating Algorithm
(FRGA) was picked for the implementation of the proposed methodology. FRGA is an exhaustive
algorithm and it can extract all the possible reducts of the datasets. This extraction of all the
possible reducts helped compare both proposed and conventional approaches. The accuracy of the
proposed approach was also validated by FRGA.

Both approaches are coded in python for the comparison purpose and these codes are uploaded on
the github at https://github.com/RanaKaleemUIllah/Incremental-dependency-calculation.

7 Results and analysis

For experimental analysis, a comparison framework was developed and conclusions were made
based on conditions specified in that framework. A detailed description of the framework is
provided in the following section.

7.1 Algorithmic Parameters

The following parameters are used in both proposed and conventional methodology for
calculating dependency of dataset:

* The information system IS = (U, Q,V, F) can be represented as follows:
o U represents a decision system, which is a finite set of objects.
o Q@ is a finite set of attributes, including both conditional and decision attributes. It
can be represented as Q = C U D, where C is the set of conditional attributes and
D is the set of decision attributes.



o V is the set of value sets for each attribute in Q. For each attribute g € Q, Vq
represents the value set of that attribute.

o F isa function f(x, q) that defines dominance by assigning a specific value from
Vq to an item x for a particular attribute q.

» Other than conventional parameters, the dominance relation between object is used and on
the basis of this dominance relation the proposed methodology uses proposed dominance-
based dependency classes as input parameter. These classes are already explained in details
in section 5.1.

7.2 Comparison Framework
There are four main components of this comparison framework. These components are:

» The accuracy of the generated results.

* The execution time of approaches to generate results.

*  Memory utilization by both approaches.

* The asymptotic computational complexity of both approaches.

The execution environment used to perform the comparative analysis was a desktop computer
having processor intel core i7 3.70GHZ, 16GB RAM and Graphics Card of 6GB, GTX1060
Nvidia. The experiments to justify the effectiveness and validity of IDDC were conducted on the
datasets aforementioned in Table V.

All these components of the devised framework and comparison results of both approaches are
discussed below.

o Accuracy

The term accuracy describes the correctness of the results produced. In our comparison of both
approaches, the dependency calculated by using the IDDC was accurate and similar to the
dependency calculated by the conventional approach. The reducts generated by both approaches
were also similar. Tables V and VI clearly show that the size of the A/lphaSets and the number of
generated Reducts by both methodologies were identical for every dataset. Therefore, it is evident
from the comparison that both the proposed methodology and the conventional approach are
accurate.

Table V: Comparison of Size of AlphaSet

S. NO. Dataset AlphaSet’s Size AlphaSet ’s size (Proposed)
(Conventional)

1 Iris 145 145
2 Abalone 342 342
3 Breast cancer Wisconsin 667 667
4 Wine Quality 3081 3081
5 Electrical Grid Stability data 10000 10000
6 EEG Eye State 2673 2673
7 Pen-Based Handwritten Digit 7294 7294
8 Hepatitis C Virus 1385 1385
9 Musk 2 6598 6598
10 ISOLET 7797 7797




Table VI: Comparison of the number of Reducts Generated

S. NO. Dataset Reducts by Conventional Reducts by Proposed
Method Method
1 Iris 2 2
2 Abalone 1 1
3 Breast cancer Wisconsin 2 2
4 Wine Quality 1 1
5 Electrical Grid Stability data 256 256
6 EEG Eye State 1 1
7 Pen-Based Handwritten Digit 2 2
8 Hepatitis C Virus 1 1
9 Musk 2 1 1
10 ISOLET 2 2
o Execution Time

Execution time specifies the time taken by an algorithm to generate the output. It is a key factor to
distinguish the algorithm’s performance in terms of how fast it produces the results. Therefore, to
compare the execution time of both proposed and conventional approaches, their execution time
was observed using the system stopwatch, which was started after feeding the input and stopped
when results were produced. Then we used the following formula to calculate the percentage
reduction in the execution time of IDDC.

i o . (43)

Yo reduction in execution time = 100 — (ﬁ) * 100
In equation 43, T'1 represents the time taken by the proposed approach and T2 represents the time
taken by the conventional approach. Table VIII shows the time taken by both methods for all the
datasets. For instance, the time taken by both proposed and conventional approaches for the
Abalone dataset was 54 seconds and 106 seconds, respectively. The percentage reduction in the
execution time of IDDC for the Abalone dataset is almost 50% which was calculated using the
formula from equation 44.

54.39
106.57

(44)

% reduction in execution time = 100 — ( ) * 100 =50%

It can be concluded from Table VII that bigger datasets have shown more percentage reduction in
execution time. The percentage decrease in execution time was between 40% to 50% for all
datasets. The average of Table VII was calculated to get a better picture of time reduction.

o o 459 (45)
Avg reduction in execution time = 0 = 46% approx

The calculated average time reduction by the proposed methodology was 46%. Therefore, it can
be concluded that the proposed methodology can save almost half of the execution time as
compared to the conventional method. Figure 5 provides a pictorial comparison of both
approaches.



Table VII: Comparison of Execution time

S. Dataset Conventional Time Proposed % Reduction in
NO. (secs) Method Time Time Taken
(secs)

1 Iris 0.10 0.06 40%
2 Abalone 107 54 50%
3 Breast cancer Wisconsin 34 1.9 44%
4 Wine Quality 96 51 47%
5 Electrical Grid Stability data 377 200 47%
6 EEG Eye State 516 278 46%
7 Pen-Based Handwritten Digit 244 124 49%
8 Hepatitis C Virus 10 53 47%
9 Musk 2 197 110 44%
10 ISOLET 599 329 45%
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Figure 5: Graphical Comparison of Execution time

. Memory Usage

We have manually calculated the memory by adding the sizes of the intermediate data structures
used by both approaches. However, the common variables used by both approaches were ignored.
Two arrays were used by the conventional method. One of these arrays was a one-dimensional (1-
D) array and second was a two-dimensional (2-D) array. The 1-D array was used to store class
unions CI*, CI= and the 2-D array was used to store the Df and Dy for all the objects in class
unions. The formula used for the calculation of memory usage of the conventional method is

mentioned in equation 46.



Memory = Size of datatype * (total number of objects)
total number of 0bjects>2

2

(46)

+ Size of datatype * (

On the contrary, the proposed methodology has used only two 1-Dimensional arrays. The first
array (Checked Objects) was used to store all those instances which were checked once and this
helped us avoid repetitive comparisons of the same objects of Universe. The second array
(AlphaSet) was used to store those objects which were selected after comparison. Therefore, to
calculate the memory usage of the proposed methodology, the formula showed equation 47 was
used.

Memory = 2 x (Size of datatype) * (total number of objects) (47)

A comparison of memory usage of both of these methodologies is shown in Table VIII. On
average, a 98% reduction in required runtime memory was found for ten datasets. It is evident
from the comparison that a huge amount of memory was saved by the proposed approach. The
formula used for calculating the percentage reduction is given in equation 48. In this formula, M1
represents memory used by the proposed methodology and M2 represents memory used by
conventional methodology.

Reduction in required runtime memory = 100 — (%) * 100 (48)

Table VIII: Comparison of memory usage

S. Dataset Memory Usage by Memory Usage by % Reduction in
NO. Conventional (MB) Proposed Method usage
(MB)
1 Iris 0.0231 0.0012 ~95%
2 Abalone 17.46404 0.33146 ~98%
3 Breast cancer Wisconsin 0.49139 0.00559 ~98%
4 Wine Quality 24.00999 0.03918 ~99%
5 Electrical Grid Stability 100.04 0.08 ~99%
data
6 EEG Eye State 104.0808 0.0816 ~99%
7 Pen-Based Handwritten 120.86803 0.08793 ~99%
Digit
8 Hepatitis C Virus 1.90992 0.01104 ~99%
9 Musk 2 43.55999 0.06237 ~98%
10 ISOLET 60.82 0.05278 ~99%
o Computational Complexity

The complexity of an algorithm depends on many factors such as code execution time, memory
usage, etc. The Big-O notation was used for the complexity analysis of both approaches. Big-O is
a mathematical notation [38,39]. It classifies algorithms based on the number of steps, execution
time and the number of inputs. For example, if both nested loops run n times then Big-O will be
0(n?). Algorithms with less complexity are usually preferred. For comparison purposes, Big-O



complexity for only those parts of algorithms was calculated which were different in both
approaches. The conventional algorithm which is based on lower and upper approximations
comprises three main steps. The Big-O for each of these three main steps was calculated as follows:

Big-O for the first step of the conventional algorithm was O (U) because a single loop was
executed U times. Here, U represents the cardinality of the Universe. The algorithm had
four class unions and this step was executed for all four class unions. Therefore, the Big-O
for 1% step became 4 * (0 (U)).

Big-O for the second step of the conventional algorithm was O(Cl * U) because a double
nested loop was executed. Here, Cl represents the cardinality of the class unions. The
algorithm had four class unions and this step was executed for all four class unions.
Therefore, the Big-O for 2™ step became 4 * (O(ClL * U)).

Big-O for the third step of the conventional algorithm was O(CL = Cl * D /Dy ) because a
triple nested loop was executed. Here, D7 /Dy represents the cardinality of the dominance
sets. The algorithm had four class unions and this step was executed for all four class
unions. Therefore, the Big-O for 3™ step became 4 * (O(Cl = Cl * D} /D;)). For the
complete conventional algorithm, Big-O was as follows:

4% (0OW)+ (A*OCLxU))+2*0(Cl*Cl*Dg))+ (2*0(Cl=Cl*Dp)) = 0O(Cl*
Cl*Df/Dp).

In a worst-case scenario, Cl and Df /Dy can be equal to the cardinality of the Universe. So in that
case, Big-O will become O(Cl = Cl * D /Dp) = 0(U?).

Whereas in the proposed approach, approximations were not calculated instead of that the objects
of Universe were compared based on proposed dominance-based dependency classes. Big-O
complexity of the proposed approach was calculated as follows:

For the comparison of objects, the proposed approach uses a double nested loop. For the
outer loop, Big-O was O (U) because we had to compare all the objects of the Universe.
The inner loop runs equal to the cardinality of the Checked Objects Array. The cardinality
of the Checked Objects was incremented after every outer loop’s iteration. So, Big-O at
worst for inner loop was also O(U). Therefore, the overall Big-O for the proposed
approach was 0(U) * 0(U) = 0(U?).

It can be seen after calculating the Big-O notations for both the approaches that the complexity of
the conventional approach was O(U3) which is reduced by the proposed approach to O(U?).
Therefore, with the complexity O(U?) of the proposed approach is considered suitable for large
datasets and the use of the conventional approach becomes inappropriate for such datasets. This
comparison of Big-O complexity is also illustrated in figure 6.
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Figure 6: Big-O Complexity Comparison

7.3 Comparison with Heuristic Method

Another comparison of proposed approach is performed with a heuristic method [40] that use an
optimized technique to calculate approximations to further calculate the dependency of a dataset.
The comparison framework used is same as explained in the section 7.1 of paper. All these
components of the devised framework and comparison results of both approaches are discussed
below.

o Accuracy

The term accuracy describes the correctness of the results produced. In our comparison of both
approaches, the dependency calculated by using the IDDC was accurate and similar to the
dependency calculated by the Heuristic Method [36]. Tables /X and X clearly show that the size
of the AlphaSets and the number of generated Reducts by both methodologies were identical for
every dataset. Therefore, it is evident from the comparison that both the proposed methodology
and the Heuristic approach are accurate.

Table IX: Comparison of Size of AlphaSet

S. NO. Dataset AlphaSet ’s Size produced by AlphaSet ’s size by
Heuristic Method [36] Proposed Method

1 Iris 145 145

2 Abalone 342 342

3 Breast cancer Wisconsin 667 667

4 Wine Quality 3081 3081

5 Electrical Grid Stability data 10000 10000

6 EEG Eye State 2673 2673

7 Pen-Based Handwritten Digit 7294 7294

8 Hepatitis C Virus 1385 1385

9 Musk 2 6598 6598

10 ISOLET 7797 7797




Table VIII: Comparison of the number of Reducts Generated

S. NO. Dataset Reducts by Heuristic Method Reducts by Proposed
[36] Method
1 Iris 2 2
2 Abalone 1 1
3 Breast cancer Wisconsin 2 2
4 Wine Quality 1 1
5 Electrical Grid Stability data 256 256
6 EEG Eye State 1 1
7 Pen-Based Handwritten Digit 2 2
8 Hepatitis C Virus 1 1
9 Musk 2 1 1
10 ISOLET 2 2

o Memory Usage

We have manually calculated the memory by adding the sizes of the intermediate data structures
used by both approaches. However, the common variables used by both approaches were ignored.
The formula used for the calculation of memory usage of the heuristic method is mentioned in
equation 49.

Memory = Size of datatype * (total number of objects)

total number of objects * ( total number of objects — 1)) (49)

+ Size of datatype * ( >

On the contrary, the proposed methodology has used only two 1-Dimensional arrays. The first
array (Checked Objects) was used to store all those instances which were checked once and this
helped us avoid repetitive comparisons of the same objects of Universe. The second array
(AlphaSet) was used to store those objects which were selected after comparison. Therefore, to
calculate the memory usage of the proposed methodology, the formula showed equation 50 was
used.

Memory = 2 x (Size of datatype) * (total number of objects) (50)

A comparison of memory usage of both of these methodologies is shown in Table XI. On average,
a 99% reduction in required runtime memory was found for ten datasets. It is evident from the
comparison that a huge amount of memory was saved by the proposed approach. The formula used
for calculating the percentage reduction is given in equation 51. In this formula, M1 represents
memory used by the proposed methodology and M2 represents memory used by heuristic
methodology.

Reduction in required runtime memory = 100 — (%) * 100 (51)



Table IXI: Comparison of memory usage

S. Dataset Memory Usage Memory Usage % Reduction in
NO. by Heuristic by Proposed usage
Method [36] Method (MB)
(MB)
1 Iris 0.0453 0.0012 ~97%
2 Abalone 34.903 0.33146 ~99%
3 Breast cancer Wisconsin 0.9786 0.00559 ~99%
4 Wine Quality 47.990 0.03918 ~99%
5 Electrical Grid Stability data 200.02 0.08 ~99%
6 EEG Eye State 208.10 0.0816 ~99%
7 Pen-Based Handwritten Digit 241.67 0.08793 ~99%
8 Hepatitis C Virus 3.8392 0.01104 ~99%
9 Musk 2 87.0804 0.06237 ~99%
10 ISOLET 121.602 0.05278 ~99%
o Execution Time

We used the following formula to calculate the percentage reduction in the execution time of
IDDC.

0 . o T1 (52)

% reduction in execution time = 100 — (E) * 100

In equation 52, T'1 represents the time taken by the proposed approach and T2 represents the time
taken by the heuristic approach. Table XIII shows the time taken by both methods for all the
datasets. For instance, the time taken by both proposed and heuristic approaches for the Abalone
dataset was 52 seconds and 65 seconds, respectively. The percentage reduction in the execution
time of IDDC for the Abalone dataset is almost 17% which was calculated using the formula from
equation 53.

54.39
65.2

(53)

% reduction in execution time = 100 — ( ) *100=17%

The percentage decrease in execution time was around 20% for all datasets. The average of Table
XIII was calculated to get a better picture of time reduction.
192 (54)

Avg reduction in execution time = T0 - 19% approx

The calculated average time reduction by the proposed methodology was 19%. Therefore, it can
be concluded that the proposed methodology can save considerable amount of the execution time
as compared to the heuristic method.



Table X: Comparison of Execution time

S. Dataset Heuristic Method [36] Proposed % Reduction in
NO. Time (secs) Method Time Time Taken
(secs)
1 Iris 0.075 0.06 20%
2 Abalone 65 54 17%
3 Breast cancer Wisconsin 2.4 1.9 21%
4 Wine Quality 62 51 18%
5 Electrical Grid Stability data 244 200 20%
6 EEG Eye State 341 278 19%
7 Pen-Based Handwritten Digit 151 124 18%
8 Hepatitis C Virus 6.7 53 21%
9 Musk 2 137 110 20%
10 ISOLET 397 329 18%

7.4 Discussion

The experimental results demonstrate that the proposed approach for calculating dependency in
dominance-based datasets is highly efficient in terms of both time and memory usage. This is
evidenced by the findings presented in Table VII and Table VIII, which show a decrease in
execution time and runtime memory. Moreover, the proposed approach is compared to a heuristic
methodology, and the results clearly indicate that the proposed approach outperforms it in terms
of both memory utilization and execution time. These findings highlight the effectiveness and
efficiency of the proposed approach in handling dominance-based datasets. Furthermore, it can be
assessed form the number of comparison done in both conventional and the proposed approach
that the proposed approach performs better. The comparison of the number of comparison
statements (CS) executed to calculate dependency by both methodologies is given below:

In our case study, while executing the conventional algorithm we found that there were four union
classes. To calculate the D7 (x) and Dp (x), objects from each union class were compared with all
other objects of the Universe. The following were the four union classes extracted from Table 1.

CIE(x) = {X3, X4, X} fort =1

CIE(x) = {Xy, X3, X4, Xz, X, X;} for t =2
CE(x) = {Xy, Xp, X5 , X} fort=2
CE(x) = {X,} fort=3

Here, we have calculated the number of comparison statements for finding D7 (x) and Dp (x) of
all the objects of the union classes.

= In CI5(x), the class union had three objects. These three objects were compared with all
seven objects of the dataset to calculate both DF (x) and Dy (x). So, comparison statements
were executed 2 * (3 * 7) = 42 times in total.

= In Cl5(x), the class union had six objects. These six objects were compared with all seven
objects of the dataset to calculate both D (x) and D5 (x). So, comparison statements were
executed 2 x (6 * 7) = 84 times in total.



= In Cl5(x), the class union had four objects. These four objects were compared with all
seven objects of the dataset to calculate both D7 (x) and Dy (x). So, comparison statements
were executed 2 * (4 * 7) = 56 times in total.
= In Cl3(x), the class union had only one object. This single object was compared with all
seven objects of the dataset to calculate D7 (x) and D (x). So, comparison statements were
executed 2 * (1 * 7) = 14 times in total.
Therefore, in the 2" step of the conventional method comparison statements were executed a total
of 196 times. In the 3" step of the conventional method, upper and lower approximations for every
class union were calculated and the number of comparison statements for the 3™ step was
calculated as follows:

= For lower approximations of two downward class unions, we compared these class unions
with all the seven Dy (x). So, comparison statements were executed 2 * 7 = 14 times.
= For upper approximations of two downward class unions, we compared these class unions
with all the seven D (x). So, comparison statements were executed 2 * 7 = 14 times.
= For lower approximations of two upward class unions, we compared these class unions
with all the seven D7 (x). So, comparison statements were executed 2 * 7 = 14 times.
= For upper approximations of two upward class unions, we compared these class unions
with all the seven Dy (x). So, comparison statements were executed 2 * 7 = 14 times.
The total number of comparison statements executed in the 3™ step was 4 * 14 = 56. Therefore,
to get the lower and upper approximations of these four class unions we had to execute 196 +
56 = 252 comparison statements in total. Finally, to calculate the dependency of the dataset six
more comparison statements were executed. After calculating the dominance relation matrix we
had to execute a total of 252 + 6 = 258 comparison statements to get the dependency of our case
study dataset using the conventional method.

Whereas, while using the proposed methodology to calculate the dependency of the dataset we had
to execute a double nested loop. The number of comparison statements for the proposed
methodology was calculated as follows:

= The outer loop was executed 7 times which represents the cardinality of the Universe.

= The inner loop ran based on the size of the Checked Objects array which was incremented
by one after every iteration of the outer loop.

= We compared all the seven objects of the Universe with all the objects in the
Checked Objects array.

= Like when the 1% object from the Universe was selected no comparison was made because
Checked Objects array was empty. Similarly, when the 2" object was selected 1
comparison was made and when the 3™ object was selected 2 comparisons were made.
This way the comparison statements for every object of the universe were different.

= Therefore, to extract the AlphaSet of our example dataset, comparison statements were
executed 0 +1+ 2+ 3+ 4+ 5+ 6 = 21 times in total.

= This above summation of the number of comparison statements can be simplified as shown
in equation 55.

(number of objects — 1) (55)

2

Number of CS = number of Objects *



= This difference in the number of comparison statements is shown in Table XIV.

CSq

% reduction in the number of CS = 100 — (E) * 100 (56)

2

In the formula mentioned in equation 56, CS; represents the number of comparison statements for
the proposed method and €S, represents the number of comparison statements for the conventional
method. Therefore, based on this formula percentage reduction in the number of comparison
statements was 91.86%. Due to this reduction in the number of comparison statements, IDDC has
shown a considerable amount of reduction in execution time, memory usage and computational
complexity. This reduction shown by IDDC in the use of computational resources is further
elaborated in the “Results and Analysis” section with the help of multiple datasets.

Table XXI: Number of comparison statements

Conventional Algorithm Proposed Algorithm

Comparison statements Runs 258 times Runs 21 times

7.5 Limitations

As the results have shown that the proposed approach outperforms the conventional approach but
there are certain limitations that are mentioned below:

The proposed approach is suitable for supervised datasets only.

Class labels should in numerical form like 0,1,2 etc. If classes are not numerical then they
must be converted to numerical form. Class labels must start from 0 but can go up to any
number of classes that particular dataset have.

The proposed approach requires complete datasets with values that follow the dominance
principle and datasets having missing values should be pre-processed to fill the missing
values.

The proposed approach has been tested using different datasets ranging from tens of
attributes to hundreds of attributes. The approach performs better when number of
attributes are less.



8 Conclusion and Future Work:

In this research work, we have proposed a new incremental approach to calculate the dependency
of dominance-based datasets. The proposed approach is called the “Incremental Dominance-based
Dependency Calculation (IDDC)”. This method avoids the calculation of approximations and
union classes. It incrementally scans all the objects of the Universe and compares them based on
proposed dominance-based dependency classes to find the dependency of a dataset. Whereas, the
conventional approach uses approximations for calculating the dependency of the datasets. This
calculation of approximations comprises three computationally expensive steps that degrade the
performance of algorithms. Due to this performance degradation, the conventional approach has
become inappropriate for datasets beyond smaller sizes. To avoid such performance bottlenecks,
the proposed method incrementally compares every object of the dataset with the rest of the objects
and calculates the dependency of the dataset. To justify the effectiveness of the proposed approach,
both IDDC and conventional approaches were compared using various datasets from the UCI
dataset repository. Results have shown that the proposed approach outperforms the conventional
approach by depicting on average 46% and 98% decrease in execution time and required runtime
memory, respectively. The reduction in execution time and memory usage was determined by
comparing the proposed approach with conventional methods on a set of 10 diverse datasets. The
observed decrease in the execution time and required runtime memory can be attributed to two
primary factors. Firstly, the proposed approach avoids approximation and union class calculations,
which typically consume substantial time and memory resources. Secondly, the number of
comparison statements required to determine dependencies is reduced in the proposed approach,
further contributing to the overall efficiency gains. The Big-O complexity of the algorithm was
reduced by the proposed approach from 0(n3) to 0(n?) as well. To validate the effectiveness of
the proposed approach, IDDC was implemented using FRGA.

In terms of future work, one promising direction for the proposed approach is its application on
unsupervised datasets. The proposed approach has primarily been evaluated on supervised
datasets, where the class labels are known. Extending the approach to unsupervised scenarios
would involve exploring how the IDDC can be adapted to handle data without explicit class labels.
This would enable the application of the technique in a wider range of data analysis tasks, such as
clustering or outlier detection, where class information may not be available.

Another important avenue for future research is to focus on reducing the execution time of the
proposed approach. While the incremental nature of the technique offers computational advantages
compared to traditional dependency calculating approaches, further improvements can be made by
leveraging parallel processing methodologies. Exploiting parallelism can help distribute the
computational load across multiple processing units, potentially leading to significant reductions
in execution time. This could involve exploring parallel algorithms or utilizing parallel computing
architectures, such as GPUs or distributed computing frameworks, to enhance the scalability and
efficiency of the incremental dominance-based dependency calculations.
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